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Herbal medicine has been traditionally and historically used worldwide. 
However, along with the increase usage of the herbal medicine, its market also 
has been suffered from the practice of adulteration, either genuinely by lack 
of experience or intentionally for business gains. Therefore, it is essential to 
develop an approach that could effectively ascertain the correct identification 
of the ingredients used in the herbal remedies. Here in this study, we illustrated 
the application of a multi-platform metabolomics approach in assisting the 
establishment of a better quality control method for herbal medicine. We first 
illustrated the capacity of UPLC-QTOFMS based metabolomics to 
discriminate well 4 common Panax species in Panax genus, namely Panax 
ginseng, Panax vietnamensis, Panax notoginseng, Panax quinquefolius. Next 
we further examine whether 1H-NMR based metabolomics approach could 
evaluate the same Panax ginseng samples but from dissimilar locations. The 
results showed that not only it could well differentiate those samples, but also 
it could point out the possible mixing proportion in case if those samples were 
mixed together. Additionally, utilizing those data derived from metabolomics 
approach, we also discussed the possibility in connecting metabolite variation 
to that of phylogenetic, as for UPLC-QTOFMS data and in building a model 
effectively assessing the mixing proportion of intentional admixtures, as for 
1H-NMR data. Consequently, we believe that the ease and transferability of 
our approach as well as its applicability to other products could contribute to 
establishing a safer market and greater consumer confidence by preventing 
herbal medicine adulteration. 
Keywords: metabolomics; ginseng; authentication; phylogenetic; QTOF-MS; 
1H-NMR 
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Part I UPLC-QTOFMS based metabolomics followed 
by stepwise partial least squar e-discriminant analysis 
(PLS-DA) explore the possible relation between the 
variations in secondary metabolites and the 




Phylogenetics is the study of evolutionary relations among groups of different 
species. This field of study involves the classification of organisms according 
to evolutionary sources or environmental adaptations. The discipline traces 
geographical or physical occurrences of the species to generate allopatric 
speciation and investigates the biological scattering of many living organisms 
[1, 2]. Many botanists, specifically evolutionary biologists, have employed 
DNA sequencing to measure infra-generic dispersion to construct trees, hence 
forming the framework to examine and discuss similarities and dissimilarities 
within species [3]. The branching point of a phylogenetic tree shows both the 
beginning of a new lineage and the divergence of characteristics such as 
morphologies, behaviors and chemical properties [4, 5].  
 
Metabolites, terminal outcomes from adaptations in response to biological 
surroundings, have drawn attention from many evolutionists in that 
metabolites directly transfer signals from the genomes, transcriptomes and 
proteomes of an organ in sequence to the tissues or other organs, thus 
furthering close relations among biological phenotypes and differences in 
species-specific characteristics. In fact, metabolites can be divided into two 
categories: primary and secondary metabolites. Primary metabolites, such as 
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carbohydrates, amino acids, fatty acids and organic acids, are directly involved 
in normal growth, development and reproduction, essentially existing in all 
living things [6]. On the other hand, secondary metabolites are not directly 
involved in those processes but are considered to be produced by adaptations 
to the surrounding environment and have multiple ecological functions such 
as defense (against herbivores, microbes, viruses or competing plants) and 
signaling (to attract pollinating or seed-dispersing animals) [7]. Indeed, 
secondary metabolites provide the ultimate distinguishing traits between 
similar species. Currently, metabolomics has become one of the most common 
approaches for the intensive profiling and comparison of secondary 
metabolites among species and has gradually permeated into botany for the 
identification of changes to physiological, genotypic, or other factors that 
impact metabolism [8]. 
Despite the gradually increasing number of papers related to phylogenetics or 
metabolomics over the past several years, however, few papers have reported 
metabolomic studies from a phylogenetic perspective. Until now, researchers 
have focused on measuring and observing the quantity of metabolites to find 
phylogenetic markers [9, 10]. Normally, in the common metabolomic 
approach, the profiles of metabolites are acquired, and then the metabolic 
profiles between phenotypes are compared with the help of statistical tools 
such as principal component analysis (PCA) and partial least square-
discriminant analysis (PLS-DA) [11]. However, all the approaches utilized to 
classify samples by species only reveal the expressional differences among the 
species, not the differences in metabolites between each clade of the 
phylogenetic tree. For example, Xie et al. and Chan et al. showed 
metabolomics-based discrimination among three Panax species using both 
LC-MS and NMR, which only revealed the chemical composition and relative 
10 
 
abundance of the metabolites in each species. Their results could not explain 
the metabolomic variations in the Panax phylogenetic tree [12-14].  
 
In this study, we attempted a new metabolomic approach using stepwise PLS-
DA to determine the connection between phylogenetic relations and 
differences in secondary metabolites of the phylogenetic tree of the Panax 
genus. The phylogenetic trees were constructed based on the gene sequences 
of four species, P. ginseng (PG), P. vietnamensis (PV), P. notoginseng (PN) 
and P. quinquefolius (PQ). The differences in secondary metabolites among 
the four were analyzed by ultra-performance liquid chromatography-
quadrupole time of flight mass spectrometry (UPLC-QTOFMS), and the 
resulting data were then subjected to PCA to demonstrate the common 
metabolomic approach. The PCA results showed that all the secondary 
metabolites were clustered according to species, which simply mirrored the 
results expected from conventional metabolomics-based studies. Then, we 
applied stepwise PLS-DA according to the branching point of the phylogenetic 
tree of these species to obtain the differences in the metabolites between clades 
of the tree. The results revealed that some particular secondary metabolites of 
these plants, commonly known as ginsenosides [15-17], can be mapped onto 
the plants’ phylogenetic trees to better explain the divisions in branching 
points. 
 
2. Materials and methods 
 
2.1. Chemicals  
  
HPLC grade acetonitrile, methanol and water were purchased from J.T. 
Baker (Phillsburg, NJ, USA). Formic acid, 2-propanol (LC/MS grade) and 
lithium hydroxide were purchased from Sigma-Aldrich (St. Louis, MO, USA) 
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and used to make a lithium formate solution serving as a mass calibrant (50% 
2-propanol with 1% lithium hydroxide and 0.1% formic acid). Using silica gel 
column chromatography and semi-preparative liquid chromatography, nine 
standard compounds for assigning peaks (ginsenoside Rb1, Rb2, Rc, Rd, Re, 
Rg1, majonoside R1, R2, and vinaginsenoside R2) were isolated from fresh 
PG as for Rb1, Rb2, Rc, Rd, Re, Rg1 and from fresh PV as for majonoside R1, 
R2 and vinaginsenoside R2. After isolation, the purity of all ginsenoside 
standards was determined to be over 95% by HPLC-UV-ELSD [18].  
 
2.2. Plant material 
    
Dried rhizomes of PN, PQ and PG were purchased in a Korean herbal 
market, Korea. Unlike other ginsengs, PV was directly collected at the 
ginseng farms in Quangnam Province, Socialist Republic of Vietnam due to 
its rarity on the market. After collecting, PN, PQ and PG were identified by 
Prof. Won Keun Oh from the Department of Pharmacognosy, Seoul National 
University, Korea while PV was authenticated by Prof. Minh Duc Nguyen 
from the Department of Pharmacognosy, University of Medicine and 
Pharmacy, Ho Chi Minh city, Vietnam. Voucher specimens were deposited 
at the Deparment of Biomedical and Pharmaceutical Analysis, Seoul 
National University, Korea.  
 
2.3. Sample preparation 
 
Two rhizomes for each sample, with a total of twenty rhizomes for ten samples 
of each species, were splintered into small fragments to be freeze-dried, 
completely eliminating moisture. After 24 hours of freeze-drying, they were 
pulverized using a grinder (DA700, Daesung Artlon, Seoul, Korea) and sieved 
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to a particle size of 90–125 µm. Twenty mg of powdered rhizome was 
extracted with 2 mL of pure methanol and centrifuged at 13,000 g for 5 min, 
and the supernatant was filtered with a 0.5 µm PTFE filter (Otawa, Tokyo, 
Japan). A total of 5 QC samples were prepared by mixing together 100 µL 
aliquots of all ten samples to confirm the reproducibility of data acquisition. 
All standard solutions were prepared in pure methanol. 
 
2.4. Data acquisition parameters 
 
A UPLC (Waters, Milford, MA, USA) with micrOTOF-QII (Bruker Daltonik 
GmbH, Bremen, Germany) was utilized. A 5 µL aliquot of each sample extract 
was injected into an ACQUITY BEH C18 column (2.1 × 100 mm, 1.7 µm, 
Waters, Milford, MA, USA). A column temperature of 40 °C was employed 
for peak separation, using a mobile phase consisting of A: water with 0.1% 
formic acid; and B: acetonitrile with 0.1% formic acid. The flow rate was 0.3 
mL/min; the gradient started at 82% A, changed to 75% A for 5 min, changed 
to 68% A for 20 min and held for 4 min, then changed to 62% A for 11 min, 
to 55% A for 5 min, and eventually to 0% A for 20 min, with a pre-run rinse 
of 82% A for 10 min. The source parameters were as follows: capillary voltage 
3.5 kV, nebulizer pressure 1.2 bar, dry gas flow rate 8 L/min and dry gas 
temperature 200 °C. The ion transfer and collision stages were set as follows: 
funnel 1 RF 400 Vpp, funnel 2 RF 400 Vpp, hexapole RF 400 Vpp, quadrupole 
ion energy 15 eV, collision energy 10 eV, collision RF 400 Vpp, transfer time 
100 µs and pre-pulse storage 5 µs. High purity nitrogen was used as a nebulizer 
gas, dry gas, and collision gas. 
 




Quantitative data were extracted from the software DataAnalysis 4.0 (Bruker 
Daltonik GmbH, Bremen, Germany). Then, the table of all the derived data 
was converted to a suitable format and subsequently processed by 
MetaboAnalyst 2.0 (http://www.metaboanalyst.ca) and SIMCA-P+ 12 
(Umetrics, Umeå, Sweden) for statistical analysis, including PCA and PLS-
DA. The PCA plot verified the reliability of the analysis with the clustered and 
centered QC data, and also displayed the suitability of the grouping based on 
species [19]. Then, a novel approach to find phylogenetic markers was applied: 
PLS-DA was performed with 3 steps classification according to phylogenetic 
divergence (first: PN vs. PV, PQ, and PG; second: PV vs. PQ and PG; third: 
PQ vs. PG). The markers were determined by VIP values of each analysis.  
 
3. Results and discussion 
 
3.1. Ginsenoside identification in four species 
 
Due to the limited reproducibility of LC-MS and the extensive presence of 
secondary metabolites in plants, a general LC-MS database for plant 
secondary metabolites has not yet been established. In this context, we have 
constructed an in-house database of the ginsenosides referenced in studies 
profiling Panax species, including retention times obtained under similar 
conditions, nominal masses, m/z values of fragment ions and compounds’ 
existence in each species. Then, using the library and confirmed standards, we 
assigned the peaks in the same manner as in our previous study of Schisandra 
chinensis [20] (Figure 1) . Consequently, 17, 13, 14, and 12 ginsenosides of 
PV (Table 1), PN (Table 2), PQ (Table 3) and PG (Table 4), respectively, were 
identified. 9 ginsenosides among them were identified using standards, while 
the rest were identified using information from the literature [21-26]. In 
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negative mode, ESI produced two dominant precursor ions, [M–H]– and 
[M+HCOO]–, which were readily identified (Figure 2). 
 

























-0.1 Vinaginsenoside R12 
3.4 [M-H]- 801.4630 801.4641 
C41H70O1
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1.1 Vinaginsenoside R14 
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-0.1 Quinquenoside R1 
29.2 [M-H]- 945.5417 945.5388 
C48H82O1
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4.9 [M-H]- 931.5260 931.5261 
C47H80O1
8 














-4.2 Ginsenoside Re 






14.9 [M-H]- 769.4732 769.4771 
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17.1 [M-H]- 783.4889 783.4847 
C42H72O1
3 








































-0.2 Quinquenoside R1 
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4.7 Ginsenoside Rg1 
5.7 [M-H]- 945.5417 945.5433 
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1.6 Ginsenoside Re 
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-2.3 Quinquenoside R1 
28.9 [M-H]- 945.5417 945.5454 
C48H82O1
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Figure 2. Mass spectra of 26 ginsenosides. Precursor ions for assignment were 
























3.2. Method validation 
 
Our analysis process had reproducible retention times, and m/z values were 
calibrated with lithium formate before every sample to minimize deviations in 
mass accuracy during data acquisition. To calculate the reliability of our 
results, mass precision was evaluated for six ginsenosides in the QC (quality 
control) data in conjunction with the retention time and m/z alterations. The 
variations in the m/z values and retention times of the six ginsenosides showed 
that significant errors during analysis were unlikely. Then, the areas of the 
peaks with verified mass and retention time precision were utilized to confirm 
the sensitivity of the mass detector (Figure 3). All the peaks showed a 
coefficient of variation lower than 15%, indicating that unintended factors that 
might have interfered with the collection of reliable data were negligible in 
our experiments. 
Figure 3. Validation of reproducibility within the experiment. Six peaks dispersed 
on the retention time for representative of the other ginsenosides. CV values under 





3.3. Discriminating the four species with common metabolomic approaches 
 
Principal component analysis, an unsupervised analysis, was performed on the 
four species. The score plots showed good clustering, and PC1 and PC2 were 
determined as good criteria for discriminating the four species (Fig. 4A). 
Additionally, the centering of QC samples in the plot showed the 
reproducibility of the analytical methods and statistical analysis [19]. The 
loading plots related metabolite abundance with each species (Fig. 4B), and 
bar graphs of all the ginsenosides are included in Fig. S3. Majonosides, 
vinaginsenosides, and some ginsenosides such as G-Rh1 and pseudo-Rs1 were 
biased toward PV. Notoginsenosides were present in PN at high 
concentrations, and PN contained the largest number of highly expressed 
metabolites (13 metabolites) among the four species. However, the results 
showed the limitations of the conventional approach, the mere determination 
of which metabolites are highly expressed in a specific species. Furthermore, 
it is widely known among ginseng experts that ginsenosides occur with 
varying abundances. Thus, quantitative differences in ginsenosides and the 
interpretation of such differences by common metabolomic approaches 
provide no novel information from a phylogenetic perspective. Therefore, we 
introduced the stepwise PLS-DA approach as an attempt to better understand 





Figure 4.  Score plot (A) and bi-plot (B) of PCA. (B): green dots: metabolites 
detected in the experiment; black dots: metabolite markers 
 
 
3.4. Construction of phylogenetic trees 
 
The sequences of 18S rDNA and trnK of each species were downloaded from 
GenBank as files in FASTA format [27]. The detailed accession numbers of 
the FASTA files and species can be found in Table 5. Because the combination 
of trnK and 18S rRNA sequences is considered to provide better accuracy than 
the data from one sequence [27, 28], we combined the downloaded 18S rDNA 
and trnK data using the ShortRead package in R software. However, the 
combined data varied considerably in length, making it difficult to compare 
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different sets of data. Hence, we cut the terminal sequence of the combined 
data to a consistent length, 4345 base pairs. Finally, all the data were exported 
as FASTA format files using the seqinR package in R software and used to 
reconstruct the phylogenetic trees [29]. 
 
The phylogenetic trees were reconstructed using a simplistic and widely used 
hierarchical clustering algorithm. In fact, it is one of the methods using for 
inferring the phylogenetic tree even though it is not commonly used to 
construct phylogenetic trees in terms of ginseng research. The core principle 
of the algorithm is based on highlighting the distance of surrounding or remote 
objects to one object; the use of the method parallels the basic idea of 
phylogenetics, which reflects the evolutionary relationships among species 
[30-32]. Consequently, two phylogenetic trees were reconstructed (Figure 5). 
One tree showed the relations of 15 species, while the other focused on the 
relations of the four species used in this study. Both phylogenetic trees showed 
similarities in the phylogenetic relations of the four species, thus confirming 
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3.5. Stepwise PLS-DA for revealing markers of phylogenetic divergences 
 
As described above, the conventional metabolomic approach with PCA or 
PLS-DA derives the expressional differences among species, not between 
clades of the phylogenetic tree. Thus, we suggested that, after stepwise 
classification according to divergences on the phylogenetic tree, PLS-DA, a 
supervised method, be applied at each step to obtain phylogenetic markers 
(Figure 6). Samples were classified according to the criteria of each branching 
and projected into latent spaces. From the result, the variable importance of 
projection (VIP) values determined the branching markers, and finally the 
loading plots revealed an increase or decrease in metabolite expression. 
 
We applied metabolomics-based phylogenetics to these species by classifying 
specimens according to their divergence on the tree using PLS-DA. Each step 
showed good discrimination based on the divergence, but the determination of 
the branching markers needed a scaling step [33]. Among several scaling 
methods, we selected auto-scaling, given that this method did not omit any 
branching marker candidates (Table 6). After scaling, components with VIP 
values higher than 1.00 for all the three branching points were determined to 
be the markers. 
 
By loading the averaged value of each metabolite in PLS-DA, we showed not 
only increases on the left or right side but also alterations (importance) for 
each metabolite, which can explain the degree of differences according to the 
evolutionary divergences of the phylogenetic tree. Furthermore, the levels of 
alterations were translated to color saturations, which formed a heat map 
related to the phylogenetic tree (Figure 7). The first branching specified eleven 
ginsenosides that are highly expressed in PN. This result revealed that this 
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approach was capable of identifying metabolites with species-specific 
abundance, but the conventional approach also enabled us to find abundant 
metabolites in each species. Other ginsenosides with clear abundances in only 
one species showed results from the two approaches that matched the 
phylogenetic tree. However, metabolites that decreased only in one species 
contradicted the previously established phylogenetic markers. More than two 
branching points exhibited the same metabolites as markers, G-Rg2, 20-O-G-
Rf, N-R1, G-Rd, G-Rc, G-Re and G-Rg1, which had more than two alterations 
during a down flow on the tree. Hence, the conventional metabolomic 
approach cannot be applied to these metabolites.  
 
The size of alterations can also be evaluated in this approach. Furthermore, 
this approach is more likely to assimilate many experimental results about 
metabolites related to the phylogenetic tree, thus making a database for a 
whole phylogenetic mapping of metabolic alterations. 





Figure 7. Heat map of metabolite alterations according to divergences on the 
phylogenetic tree. The level of alterations is shown as color saturation.  
 
3.6. Distribution of secondary metabolites from the phylogenetic point of 
view 
 
After mapping all the variations in secondary metabolites onto the 
phylogenetic tree, we can more closely examine the differences among the 
four species, such as alterations to gene sequences within many species or 
species differentiation caused by the impact of their surroundings. These 
Panax species were originally cultivated in different regions and thus in 
different climates. Therefore, we assume that the environmental factor has to 
be taken into account. According to the Köppen–Geiger climate classification, 
the Northern United States and Canada, in which PQ is cultivated, and South 
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Korea, in which PG grows, are regions of similar climate conditions 
characterized by a cold and snowy winter and warm-to-hot summer [34]. 
Therefore, PQ and PG belong to one clade. PV is cultivated in the middle 
region of Vietnam, dominated by a distinctive tropical climate, which might 
explain why the species has its unique ocotillol ginsenosides. Finally, PN is 
mostly cultivated in Yunnan Province in China, a region that has the 
characteristics of both of the two aforementioned climate conditions. Thus, 
PN belongs to the clade consisting of the two clades of the above species. It is 
suggested that, during the differentiation process from a common ancestor, the 
secondary metabolite profile of each species has somehow actively changed 
to adapt to its specific climate. As a consequence, the metabolite profile of one 
species might have differentiated from those of others in the form of some key 
metabolites despite the fact that the related species share some similar 
metabolites inherited from a common ancestor. This phenomenon may be 
accounted for by “switch on” and “switch off” gene expression, which means 
that, in certain cases, the gene responsible for enzymes producing a given 
structure or structure skeleton might have been switched off and then switched 
on at some later point of the evolution process [35]. Therefore, these 
chemotaxonomic discussions, which come from research concerning both 
phylogenetics and metabolomics, could expedite research in phylogenetics 




In brief, our results proved that compared to the conventional metabolomics 
approach with PCA or PLS-DA only deriving the expressional differences 
among species, this proposed method might be handy to study the 
phylogenetic relationships and differences in secondary metabolites of plants 
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by applying stepwise PLS-DA along the phylogenetic tree, thus highlighting 
the expressional differences between clades and within clade and possibly 
enabling further discussion of environmental evolution and life strategies 
embedded in it. 
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Part II   A 1H-NMR-based metabolomics approach to 
evaluate the geographical authenticity of Panax 
ginseng and its application in building a model 
effectively assessing the mixing proportion of 




Ginseng, the root of Panax ginseng is one of the most commonly used herbal 
medicine in the world, especially in Korea. Ginseng contains many primary 
metabolites such as amino acids, carbohydrates and minor elements [36], 
while its secondary metabolites, dammarane saponins (generally known as 
ginsenosides) [37], have been reported to exhibit numerous pharmacological 
effects such as anti-aging [38], memory enhancement [39], vasodilation [40], 
cognitive performance enhancement [41], antioxidant activity and cancer 
prevention [42]. Due to its popularity and the enormous size of the market, 
ginseng has long been the target of falsification, especially falsification of the 
cultivation region. 
Ginseng currently available on the market comes mainly from Korea and 
China and has similar shape regardless of different cultivated locations. 
However, in the practice of pricing and grading herbal food products, the 
origin does play a major role, resulting in a higher price for the ginseng 
products originating from a marketable site and vice versa. For instance, if 
blended samples are intentionally produced by mixing ginseng roots of a lower 
market value with those of a higher market value, it will be unfeasible for 
diagnostic morphological examination to detect the proportion of mixing. This 
issue also holds true for other prepared forms such as powder and extract. 
Consequently, the ginseng market particularly and the herbal food market 
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generally are extremely likely to suffer from contamination from this kind of 
adulteration practice, therefore decreasing the actual value of the product. In 
fact, Wallace et al. did report that 50% of the ginseng products labeled as 
“Korean ginseng (Panax ginseng)” were replaced by “American ginseng 
(Panax quinquefolius)” [43], and many others also expressed concerns over 
similar issues for other herbal food or plant species [44-48]. According to 
WHO Traditional Medicine Strategy of 2002-2005 and 2014-2023, this 
falsification practice is a threat to consumer safety and may also erode 
consumer confidence, thus calling for the establishment of a better 
authentication approach.  
Undoubtedly, the traditional morphological inspection by an expert, which is 
subjective and lacks reproducibility, needs to be replaced by a better technique. 
As a result, it is essential to develop a scientific method which can effectively 
authenticate the origin of cultivation and, if possible, point out the proportions 
of blending. The genetic diversities or differences in DNA genomics are 
considered as a more reliable solid approach for botanical identification than 
morphological observation. However, this approach will be effective only if 
the genetic makeup of the plants is distinctive. When the genetic makeup of 
plants cultivated at different sites is uniform, the finding of the gene markers 
still remains a great challenge. Metabolomics, a research field that has recently 
and rapidly been developed, might provide the answer.  
Metabolomics inspects the composition of an organism or biological system; 
thus, it can easily describe all metabolites, which can be regarded as the 
terminal response of one organism to its surroundings [49]. Using 
metabolomics, the metabolic profiles of ginseng cultivated in dissimilar 
regions will be different because each region has its own distinctive 
environmental factors. Therefore, investigating the differences in the 
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metabolic profiles of ginseng from different regions might be meaningful in 
assisting the prevention of origin counterfeiting. In fact, many successful 
applications of metabolomics in tracking the physiological responses of plants 
to surrounding, in performing metabolic fingerprinting as well as in the 
characterization of various plants or foods, have been reported [50-54]. 
Among the analytical platforms often used in metabolomics techniques such 
as a chromatographic and spectroscopic platform, a proton nuclear magnetic 
resonance (1H-NMR)-based metabolomics approach possesses advantages of 
highly reproducible, non-destructive, widely applicable methodology [55, 56]. 
Moreover, the use of 1H-NMR-based metabolomics also simplifies the process 
of sample preparation and reduces the analysis time, thus making it suitable 
for high-throughput analysis.  
In this paper, the uniformity in genetic makeup of 60 ginseng roots collected 
in Korea and China was first examined by a DNA-based technique, which 
revealed that the 60 ginseng roots were all genetically similar, thus 
demonstrating the very narrow genetic diversity within the ginseng samples 
from different geographical populations. As a result, 1H-nuclear magnetic 
resonance (1H-NMR)-based metabolomics approach, combined with a 
statistical method was used to effectively differentiate ginseng roots collected 
in Korea and China. In addition, as an attempt to recreate the adulteration 
practice in reality, we prepared numerous blended samples representing 
different ratios of Korea samples to China samples. Subsequently, the mixed 
samples were effectively estimated the proportion of mixing by a constrained 
least-squares statistical method constructed by our own laboratory, hence 






2.1. Solvents and Chemicals 
 
Analytical grade deuterium oxide (D2O) was purchased from Euriso-top 
(France), 3-(trimethylsilyl)-propionic-2,2,3,3-d4 acid sodium salt (TMSP), 
sodium deuteroxide (NaOD) and deuterium chloride (DCl) were obtained 
from Sigma (St. Louis, MO, USA). Monopotassium phosphate (KH2PO4) and 
dipotassium phosphate (K2HPO4) were obtained from American Bio (Natick, 
MA, USA).  
2.2. Sample collection and preparation 
 
As the origin of cultivation is critical in this experiment, whole dried roots of 
ginseng were directly purchased from herbal market in Seoul, Korea and Ji 
Lin, China, regardless of their ages to ascertain the samples currently available 
on the market. The morphology of the samples was authenticated by Professor 
Oh Won Keun at the Department of Pharmacognosy, Seoul National 
University, Korea. Samples were kept in the plastic bags and stored at -20 °C 
until use. Voucher specimens were deposited at the Department of Biomedical 
and Pharmaceutical Analysis, Seoul National University, Korea. 
The collected samples were cut into small pieces and subsequently freeze-
dried to completely eliminate moisture. Then, samples were pulverized and 
sieved. The powdered samples that passed between 125- 300 µm sieves were 




Mixed samples were prepared as follows: 100 mg from each of 30 samples 
from Korea were mixed carefully together to make one representative Korea 
sample. The same procedure was applied to make a representative China 
sample. Then, those two representative samples were used to make 7 different 
mixing ratios: 0, 10, 25, 50, 75, 90 and 100% of the Korea sample. Samples 
of each ratio were prepared in triplicate. 
2.3. DNA extraction and Polymerase Chain Reaction (PCR) analysis 
 
Total DNA was extracted from the samples according to the reported protocol 
[57]. The intergenic spaces of the chloroplast genome were amplified by 23 
primer pairs (Table 6) [58]. PCR was performed in a 30 µL reaction mixture 
consisting of 40 ng template, 20 pmol of primer pair (Cosmo Genetech, Seoul, 
Korea), 2.5 mM of dNTP and 0.4 unit of Tag polymerase (TaKaRa Shuzo). 
The PCR conditions are as follows: first, a denaturing step at 94 °C for 5 min, 
followed by 20 cycles of a DNA denaturing step at 95 °C for 30 s, a primer 
annealing step at 55 °C for 30 s and a Tag polymerase activation and DNA 
extension step at 72 °C for 30 s. Finally, the complete extension of DNA was 
done at 72 °C for 5 min. The PCR products were separated and plated on 




Table 6. Sequences and locations of the primers used for DNA analysis. 
 
  







































































rrn5 - trnR (ACG)
trnV (GAC) - rrn16
psbC - trnS (UGA)





















2.4. Metabolite extraction 
 
Forty milligrams of powdered material were vortexed in 1 mL pH 7 buffer 
comprising monopotassium phosphate and dipotassium phosphate in D2O 
(containing 0.0025% TMSP as the internal chemical shift standard), which 
was then extracted by ultrasonication for 40 min at 30 °C. After extraction, the 
sample was centrifuged at 16,000 x g for 30 min. Subsequently, the 
supernatant was filtered using a cellulose membrane (0.45 µm). The filtrate 
was transferred into a 5 mm NMR tube for analysis. 
2.5. NMR spectroscopy 
 
To ensure that the samples were all analyzed under identical instrument 
conditions and parameters, all 1H-NMR spectra of samples, including blended 
samples, were measured on a 600 MHz JEOL NMR ECA 600 spectrometer, 
equipped with a TH5 probe (JEOL, Tokyo, Japan) following the acquisition 
parameters: 5.7 µs (45 °C) pulse width, 12018.6 Hz spectral width, number of 
scans equal to 32 and 5 s relaxation delay. During the relaxation delay, the 
water suppression process was enforced to eliminate the unwanted signals 
from residual water. Fourier transformation, phase and baseline correction 
were applied to the data. Calibration of the data was carried out by shifting the 
TMSP signal to 0.0 ppm using MestReNova (version 6.0), and the intensities 
of the peaks were normalized to TMSP.    
Peaks in 1H-NMR were first tentatively assigned by comparing the chemical 
shifts and the coupling constants of peaks to those of standards referred 
fromprevious papers [55] or in the freely available database [59, 60], using 
MestReNova (version 6.0). Afterwards, those tentatively identified peaks 
were further checked by comparing with standard prepared in our lab. After 
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assignment, the confirmation of peak identities was achieved by two-
dimensional NMR such as 1H-correlation spectroscopy (1H-1H COSY) and 
heteronuclear multiple bond coherence (HMBC). Finally, all the intensities of 
all the spectra were derived and saved as ASCII format data for data 
processing and analysis. 
2.6. NMR data processing and analysis 
 
The residual water signal region (δ 4.6-5 ppm) was eliminated from the raw 
spectra. Then, the spectra were divided into bin steps at every δ 0.01 and 
aligned, producing a total of 980 bins. All the integrated values were 
normalized to the intensity of the TMSP signal. The normalized integrated 
data were pre-treated with the pareto scaling method prior to multivariate 
statistical analysis. This scaling reduces the relative importance of large value 
metabolites, thus effectively increasing the importance of low value 
metabolites while keeping the structure of the data partially intact. Therefore, 
the scaling permits both low and high value metabolites to contribute to 
constructing the pattern [33].  
The multivariate statistical analysis was done using SIMCA-P+ software 
(version 12.0, Umetrics, Umea, Sweden) while univariate statistical analysis 
was performed on MetaboAnalyst 2.0 [61]. 
3. Results and discussion 
 
3.1. Identification of the species using DNA-based technique 
 
Molecular markers have long been utilized as a means of performing the 
estimation of the genetic diversity and genetic similarity. Chloroplasts are 
intracellular organelles of plants that are mainly responsible for 
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photosynthesis. The genome of the chloroplast has long been used to construct 
genetic markers because significant amounts of nucleotide variation can be 
found in the intergenic regions of the chloroplast genome in spite of the 
conservancy in the genetic region. Hence, chloroplast intergenic space (CIS) 
has been a handy tool for systematic studies of diverse plants because the 
richness of information can be found for differentiation of not only species but 
also samples within a population in that region [62, 63].  
As previously mentioned above, the substitution of P. quinquefolius in P. 
ginseng products has been reported, possibly due to its similar morphological 
appearance and genetically close phylogenetic relationship [64]. Therefore, 
employing 23 CISs regions (Table 6) proven to be useful for studying the 
genetic diversity of the Araliaceae family [58], we examined the uniformity 
of the genetic makeup of 60 samples from Korea and China in comparison 
with that of P. quinquefolius samples. Consequently, none of the 23 CISs 
regions were polymorphic among the four representative samples (Figure 8), 
two Korea samples (K24, K27) and two China samples (C01, C27). Notably, 
primer pgcpir 035 may well resolved the genetic diversity between all the P. 
ginseng samples and P. quinquefolius sample, a reported adulterant in ginseng 
products (Fig. 9). However, all of primers including primer pgcpir 035 failed 
to show any differences among 60 ginseng samples. This experiment indicates 
either the seemingly narrow genetic diversity within ginseng samples from 
different geographical populations or the fact that those primers do not have 
sufficient intra-genus discrimination power. Therefore, it is suggested to use a 
set of powerful intra-genus discrimination DNA ginseng markers when it 




Figure 8. PCR results of amplified CIS regions of four P. ginseng root samples 







Figure 9. PCR results for the primer ‘pgcpir 035’ of 60 P. ginseng root samples 




3.2. 1H-NMR spectrum inspection and metabolite identification 
 
First, we tried to visually inspect the 1H-NMR spectra of aqueous extracts 
from Korea and China samples to get a primitive idea about the differences 
(Fig. 3S). As seen from the spectra, a heavy congestion of high intensity 
signals could be observed in the carbohydrate region (δ 3.0-4.2 ppm), 
implying that the samples contain a considerable amount of sugar. There were 
also some notable signals in the organic region (δ 0.5-3 ppm). The detailed 
information for the assigned peaks can be found in Table 1 and Figure 10. 
Figure 10. Detected peaks in the representative 1H-NMR spectra. Carbohydrate (1): 
glucose and sucrose. Organic acid: malic acid (2), succinic acid (3), glutaric acid 
(4), acetic acid (5), 2-oxo- glutaric acid (6), fumaric acid (7) and formic acid (8). 
Amino acids: tyrosine (9), leucine (10), glutamine (11), choline (12), alanine (13) 





Table 7. 1H-NMR chemical shifts (ppm) and multiplicity of assigned metabolites 
and coupling constants (in Hertz) of assigned metabolites. 
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3.3. Multivariate statistical analysis  
 
Multivariate statistical analysis was used to investigate the differences in 
ginseng samples from two countries. PCA was first applied to the data without 
any prior group label (in an unsupervised manner) to identify outliers and 
visualize the underlying trends as well as showing the variation in the matrix 
data [55]. Using six principal components with a total variation of 89.2%, the 
statistical modeling was achieved (Figure 11A). As seen from the PCA plot, 
there were noticeable overlaps between the two classes of samples, indicating 
that the samples could not be separated well, despite the high level of fitting 
being applied. The variation within each set of samples was also considerable, 
which might arise because the samples were of different ages and were also 
cultivated in various areas in a single country.  
Next, orthogonal projections on latent structure-discriminant analysis (OPLS-
DA) was introduced for discrimination and potential markers identification. 
OPLS-DA is an extended version of the supervised partial least square 
regression method (PLS-DA) building in an integrated OSC filter, hence 
allowing better classification and predicting capacity. Furthermore, OPLS-DA 
can be utilized when PCA fails to discriminate individual classes exhibiting 
divergence in within-class variation [65]. Indeed, despite a large amount of 
structural noise, the score plot of the OPLS-DA clearly showed the satisfactory 
separation between the ginseng samples from two countries (Figure 11B). The 
model was obtained using one predictive and two orthogonal variations while 
having an adequate goodness of fit, RY
2, of 86% and predictive ability, Q2, of 
89.7%. The total variation of the independent variables defined by the mode 
in RX
2 was 0.79%, showing that the OPLS-DA approach is more proper and 




Figure 11. (A) Score plot of PCA of Korea and China samples. (B) Score plot of 
OPLS-DA of Korea and China samples. Blue squares represent the Korea samples; 








3.4. Determination of the potential metabolite markers 
 
To further examine how significantly the variable contributed to the 
discrimination, the loading scores of the variable importance for projection 
(VIP) (Figure 12) was extracted from the OPLS-DA model. On the x-axis, the 
chemical shifts (ppm) represent the bins, which can be referred to the 
equivalent to that of the detected metabolites in Table 7. One or more bins 
belonging to the same metabolites are observable in the spectrum. For example, 
the bins at 2.12, 2.13, 2.14, 2.15, 2.16 and 2.45, 2.46 ppm were all identified 
as glutamine. Now those bins having a VIP score more than 1 were derived 
and further analyzed by univariate statistical analysis. Univariate statistical 
analysis was introduced to confirm biased distribution, thus removing those 
samples that were not strongly biased to either one of the groups (p > 0.05). 
This strategy might be conventional, but the strategy is, however, reliable. 
Finally, we were able to identify seven marker candidates. 1H-1H COSY 
(Figure 13) were subsequently employed to further confirm the identities. 
Based on the results, the discriminatory compounds such as glutaric acid, 
succinic acid, malic acid, choline, glucose and sucrose expressed highly in the 
Korea samples, while glutamine appeared abundantly in the China samples 
(Fig. 14).  
Sugar metabolism is a especially dynamic process, and metabolic fluxes and 
sugar concentrations differ greatly in both the development stage and the 
response to environmental changes. By and large, under low sugar conditions, 
source activities such as photosynthesis, nutrient mobilization and export are 
upregulated, while sink activities like growth and storage are upregulated due 
to carbon sources being plentifully available [66]. In that aspect, as in Korea, 
the roots are usually harvested in autumn [67], when conditions such as 
sunlight and rain are much more available, thus allowing accumulation of 
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carbohydrate sources preparing for the coming winter. As in China, the roots 
are harvested in spring, after a long winter when sunlight and rain are rarely 
encountered resulting in increased reduction of available carbohydrate sources 
for energy consumption. Similarly, the organic acids including succinic acid 
and malic acid are key intermediates in the tricarboxylic acid cycle, so the 
higher concentration of these metabolites in Korea samples might indicate that 
energy metabolism of Korean samples was more active than that of China 
samples. Moreover, the upregulation of amino acid synthesis was reported to 
be associated with temperature stress and light exposure as well [68, 69]. 
Therefore, we might conclude that the distinctive environmental stress and the 
cultivation conditions in each country might influence the differences in the 
primary metabolites.  





Figure 13. Expanded representative 2D-NMR spectra of P. ginseng samples 
obtained from 1H-1H COSY 
 
3.5. Validation of the model by prediction 
 
Twenty-one sets of processed metabolomics data for seven mixing proportions 
were applied to the OPLS-DA model samples previously built. As illustrated 
in Figure 14, the mixed samples were scattered from left to right of the tPS(1) 
predictive component that was utilized for clean discrimination of the 
cultivation origins. As we expected, those samples having 100% and 0% 
Korea ratio were clearly classified into the Korea group and the China group, 
respectively, thus indicating the robustness of the statistical model. Even 
though the mixed samples at the ratio of 0% and 10% of Korea somewhat 
overlapped, they still showed good separation when visualizing the model in 
3D score plot (Figure 15) and in this case, only choline and glucose markers 
contributed to the discrimination, indicating the difficulty in detecting those 




 More interestingly, it is notable that other blended samples were positioned 
consistently with the degree of mixing. For example, in Korea samples, the 
100% mixing ratio mixed well in the clustering while other ratios were 
gradually located farther away with respect to the level of mixing. Finally,50% 
Korea mixing samples were located around the main axis of the predictive 
component tPS(1), implying that the model could not classify the 50% Korea 
mixing samples to any group because 50% Korea mixing samples expressed 
the characteristics of both classes of samples. This result not only clearly 
confirmed the accuracy and efficiency of our method but also encouraged us 
to build a statistical procedure for estimating mixing proportions of the 
blended samples. 
Figure 14. Score plot of OPLS-DA of mixing samples combining with Korea and 
China samples. Blue squares represent the Korea samples; red dots represent the 




Figure 15. 3D OPLS-DA score plot of two 0% and 10% Korea groups. Black 
triangles represent 10% Korea group while red triangles represent 0% Korea 
groups.  Only choline and glucose markers contributed to the discrimination of 




3.6. Setting up a statistical procedure for assessing the mixing ratio of 
blended samples from dissimilar origins 
 
As a practical aspect, it could be of great importance to predict the unknown 
mixing proportion of Korea and China samples whenever they are 
intentionally blended. We constructed the aggregated constraint least squares 
method, a statistical approach to estimate the mixing proportion from 1H-




We obtained 21 1H-NMR spectra of blended samples together with the 
information of the true mixing proportions. The information is expressed as a 





, … , 𝑦6.00
(𝑖)
) is a vector of intensities, and 𝜋(𝑖)  is the true mixing 
proportion of Korea sample in the 𝑖th sample. The subscription 0.20, 0.21, … , 
and 6.00 means ppm (binning of 0.01 ppm), for example, 𝑦0.20
(𝑖)
 indicates the 
1H-NMR intensity at 0.20 ppm of 𝑖th sample. The values of 𝜋(𝑖) are 𝜋(𝑖) =
0 (pure China) for 𝑖 = 1, 2, 3, 𝜋(𝑖) = 0.1 for 𝑖 = 4, 5, 6, and the rest is 0.25, 
0.5, 0.75, 0.9 and 1 (pure Korea), in the same manner. The parameters 𝜋(𝑖) are 
assumed to be unknown during the analysis except for the pure China (𝑖 =
1, 2, 3) and the pure Korea (𝑖 = 19, 20, 21). In addition, ?̂?𝐶𝑁 and ?̂?𝐾𝑅 were set 




∑ 𝒚(𝑖)3𝑖=1  and ?̂?
𝐾𝑅 =  
1
3
∑ 𝒚(𝑖)21𝑖=19 . 
The key idea of estimation is as follows. If a blended sample 𝒚 has a mixture 
proportion of 𝜋, the spectral intensity at 𝑘-ppm, say 𝑦𝑘, is expected to have a 
mean of 𝜋?̂?𝑘






 are the intensity at 𝑘 
ppm of the mean vectors of 30 training samples from China and Korea, 
respectively. We did not use all bins of spectral intensities because many bins 
in the spectra were baseline noise. Instead, we chose a subset of bins 
corresponding to 0.01 ppm-nearest neighborhoods of choline (3.21-3.23 ppm), 
glucose (5.23-5.26 ppm), glutaric acid (2.31-2.33 ppm), glutamine (2.11-2.17 
ppm and 2.43-2.47 ppm), malic acid (2.67-2.70 ppm and 4.29-4.32 ppm), 
succinic acid (2.56-2.58 ppm) and sucrose (5.39-5.42 ppm). The bins selected 
were discovered from the t-test procedures of the training samples in the 







statistically well separated. The consideration of the 0.01 ppm nearest 
neighbor is for reducing the unexpected error from the horizontal shift. 
Note that there could be an uncontrolled deviation between the blended 
samples and the training samples due to the differences in the experiment 
conditions. As Figure 16A shows, the mean of the representative blended 
samples and (?̂?𝐶𝑁 and ?̂?𝐾𝑅) in the selected bins was shifted from the means of 
the training samples (?̂?𝐶𝑁  and ?̂?𝐾𝑅 ). To reduce the shift, we further pre-
processed the data of the blended samples utilizing a pointwise linear 
matching, ?̂?𝑘
𝐶𝑁 = 𝑎𝑘?̂?𝑘
𝐶𝑁 + 𝑏𝑘  and ?̂?𝑘
𝐾𝑅 = 𝑎𝑘?̂?𝑘
𝐾𝑅 + 𝑏𝑘  for each 𝑘 ∈ 𝐾 . 
The parameters 𝑎𝑘 and 𝑏𝑘 were calculated directly by solving the system of 





+ 𝑏𝑘 for every 𝑖 = 1,2, … ,21. The shift of the mean spectra between 
blended and training samples was removed after the transformation (Figure 
16B). This transformation step also allows the removal of the deviation in the 
mean spectra of samples acquired on a different machine and under different 
experimental conditions, thus making it altogether functional in the 
constrained least squares model.    
Then, the aggregated constraint least squares method was utilized to estimate 
the mixture proportions. The details are explained here for completeness. The 
set of all 37 bins corresponding to seven biomarkers are denoted by 𝐾. From 
the choice of bins, ?̂?𝑘
𝐾𝑅 and ?̂?𝑘
𝐶𝑁 have sufficient dispersion to distinguish two 
groups for each 𝑘 ∈ 𝐾. The estimation of 𝜋 has two steps, bin-wise estimation 
and aggregation. First, fix each 𝑘 ∈ 𝐾  and find 𝜋𝑘  minimizing (𝑦𝑘 −
𝜋𝑘?̂?𝑘
𝐾𝑅 − (1 − 𝜋𝑘)?̂?𝑘
𝐶𝑁)2 subject to 0 ≤ 𝜋𝑘 ≤ 1. The solution of the problem, 





𝐶𝑁 , 0) , 1). As a second step, 
𝜋 was estimated as the median of ?̂?𝑘, ?̂? ≔ median (?̂?𝑘 ∶ 𝑘 = 1,2, … , 𝐾). We 
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used median because median is more robust for the unexpected outlier than 
the mean. We applied this procedure to 21 blended samples, respectively, to 
calculate ?̂?(𝑖) (𝑖 = 1, 2, … , 21), the estimate of the mixing proportion. Figure 
17 illustrates the true mixing proportion (𝜋(𝑖)) against the estimated mixing 
proportion (?̂?(𝑖)) for 𝑖 = 1, 2, … , 21. The linear trend was quantified as the 
adjusted R2 of 0.8343, thus indicating that the model also has a good 
predictability for estimating the mixing proportions of blended ginseng 
Figure 16. Mean spectra at 2.10 - 2.70 ppm, Dashed lines represent the mean (?̂?) of 
the spectra of the training data set; dotted lines represent the mean (?̂?) of the spectra 
of the pure samples from the blended samples; blue lines represent Korea samples; 
and red lines represent China samples (A). After pre-processing, the spectra of pure 
samples from the blended samples (dotted lines) are synchronized to those of the 
training samples (dashed lines). The shift of the mean spectra between blended and 










Figure 17. Plot for the true proportion (𝝅(𝒊)) versus the estimated proportion (?̂?(𝒊)) 
for 𝑖 = 1, 2, … , 21. ?̂?(𝒊) is from the predictive model constructed using the 






In this study, 60 ginseng samples from different geographical areas, namely 
Korea and China, were found to be indistinguishable using DNA-based 
approach due to the very narrow genetic diversity among those samples. 
However, 1H-NMR-based metabolomics with OPLS-DA statistical models 
clearly clustered the samples according to the geographical origins. Several 
metabolites contributing to the discrimination were also found to be potential 
markers. Samples of different mixing proportions were applied to the newly 
built OPLS-DA model, being separated well according to the ratios of mixing. 
Consequently, we believe that the ease and transferability of our approach as 
well as its applicability to other products could contribute to the establishment 
of a better quality control method for ginseng particularly and other herbal 
medicine, and thus promote a safer market and greater consumer confidence 
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1. Metabolomics approach 
Metabolomics approach is scientific study focusing on the small molecule 
metabolites. Metabolites are compounds synthesized by plants for both 
essential functions. There are 2 types of metabolites: primary and secondary 
metabolites. Primary metabolites essentially play their role in growth and 
development while secondary metabolites are known for their specific 
functions such as pollinator attraction or defense against herbivory. 
Metabolomics, the downstream product of genomics, transcriptomics and 
proteomics, is an recently emerging approach of system biology that has 
provided often unexpected and unique insights into various biological 
processes. Unlike the genome or proteome, changes in the metabolome are 
rapid and represent the final response of an organism to both internal and 
external stimuli. Hence, metabolomics is particularly conducive to identifying 
pathophysiologically affected processes and moreover elucidating novel 
physiological and pathological mechanisms.  
The things that make metabolomics approach different from the conventional 
analytical chemistry is that metabolomics approach embraces high throughput 
analysis and therefore creates a very complex data matrix. Multivariate 
statistical analysis is often employed to reduce the dimension of such complex 





2. Metabolomics analytical methods 
It should be noted that the choice of analytical methods is simplified by the 
fact that the many substances in a living metabolism are interlinked in 
synthesis and function, with each substance providing information about some 
of the others. When a large subset of these substances are quantitatively 
analyzed, the metabolites measured can be chosen by analytical convenience 
and economy rather than maximum information content per metabolite.  
Those analytical platforms usually employed in metabolomics approach are 
Liquid chromatography couple with mass detector (LC-MS), Gas 








3. Multivariate statistical analysis 
Multivariate analysis is the area of statistics that deals with observations 
made on many variables. The main objective is to study how the variables 
are related to one another, and how they work in combination to distinguish 
between the cases on which the observations are made. 
The analysis of multivariate data permeates every research discipline: 
biology, medicine, environmental science, sociology, economics, education, 
linguistics, archaeology, anthropology, psychology and behavioural science, 
to name a few, and has even been applied in philosophy. All natural and 
physical processes are essentially multivariate in nature—the challenge is to 
understand the process in a multivariate way, where variables are connected 
and their relationships understood, as opposed to a bunch of univariate 






4. Statistical Platforms 
MetaboAnalys is a set of online tools for metabolomic data analysis and 
interpretation, created by members of the Wishart Research Group at the 
University of Alberta. It was first released in May 2009 and version 2.0 was 
released in January 2012. MetaboAnalyst provides a variety of analysis 
methods that have been tailored for metabolomic data. These methods include 
metabolomic data processing, normalization, multivariate statistical analysis, 
and data annotation. The current version is focused on biomarker discovery 
and classification. 
MetaboAnalyst supports a wide variety of data input types commonly 
generated by metabolomic studies including GC/LC-MS raw spectra, 
MS/NMR peak lists, NMR/MS peak intensity table, NMR/MS spectral bins, 
and metabolite concentrations. 
MetaboAnalyst has four modules: 
 Data processing 
 Statistical analysis (one-factor, two-factor, and time-series data) 
 Functional enrichment analysis 
 Metabolic pathway analysis 
MetaboAnalyst is part of a suite of metabolomics databases that also 
includes Human Metabolome Database (HMDB), DrugBank, Toxin and 
Toxin-Target Database, and The Small Molecule Pathway Database. The 
HMDB has over 7900 human metabolites and roughly 7200 associated DNA 
and protein sequences, that are linked to these metabolite entries. While 
DrugBank includes information on 6707 drugs and 4228 non-redundant drug 
targets, enzymes, transporters, and carriers, T3DB houses over 2900 
common toxins and environmental pollutants. The suite is rounded out by 








5. Metabolome online library 
The Human Metabolome Database (HMDB) is a freely available electronic 
database containing detailed information about small molecule metabolites 
found in the human body. It is intended to be used for applications in 
metabolomics, clinical chemistry, biomarker discovery and general education. 
The database is designed to contain or link three kinds of data  
1) chemical data 
2) clinical data 
3) molecular biology/biochemistry data  
The database contains 42,003 metabolite entries including both water-soluble 
and lipid soluble metabolites as well as metabolites that would be regarded as 
either abundant (> 1 uM) or relatively rare (< 1 nM). Additionally, 5,701 
protein sequences are linked to these metabolite entries. Each MetaboCard 
entry contains more than 110 data fields with 2/3 of the information being 
devoted to chemical/clinical data and the other 1/3 devoted to enzymatic or 
biochemical data. Many data fields are hyperlinked to other databases (KEGG, 
PubChem, MetaCyc, ChEBI, PDB, UniProt, and GenBank) and a variety of 
structure and pathway viewing applets. The HMDB database supports 






6. Framework for processing metabolomics profile data 
Mzmine is modular framework for processing, visualizing, and analyzing 
mass spectrometry-based molecular profile data. Mzmine is distributed free 
of charge and could be downloaded online (http://mzmine.github.io/) 









6.1. Raw data file format support 
Mzmine can process both unit mass resolution and accurate mass resolution 
MS data in both continuous and centroid modes, including fragmentation 
(MSn) scans. The currently supported file formats are mzML, mzXML, 
mzData, NetCDF, and RAW format used natively by Thermo Fisher 
Scientific instruments (requires installation of Thermo Xcalibur). If other 
mass spectra from other instrument is used, it is required to convert the file 
to CDF format prior to processing by MZmine.  
6.2. Data visualization 
MZmine 2 includes several of visualization modules. Following the goal of 
providing the user with an intuitive interface, the visualizers automatically 
annotate raw data with the obtained peak picking and identification results, 




(A) imported samples, (B) peak lists including single peak list contents, (C) 
peak shapes for an identified metabolite across multiple samples, (D) 
MS/MS spectrum of a metabolite, (E) combined base peak plot for multiple 
samples, (F) scatter plot of peak areas across two samples, (G) 2D plot of a 
detected peak, mass-to-charge ratio vs. retention time, (H) 3D view of a 




7. Nuclear Magnetic Resonance (NMR) software 
There are several computer software that are developed for handling the raw 
spectra of NMR data. Among which, MestReNova and Chenomex have been 
the usual method of choice. MestReNova could be downloaded at 











8. 1H-NMR metabolomics using MestReNova 
 Measure the sample. Note that at this step, the water suppression must 
be acquired (the operator should do this step).  
 Collect the raw file of the measured samples. 
 Open the 1H-NMR raw file of sample. Use the JDF file in the folder 
received from the operator.  








 The profiling of the metabolites is done by comparing the chemical 
shift (ppm) and coupling constant (Hzt) of the standards to that of the 
peak in the spectra. The standard library could be download at online 





 After metabolite profiling, the data could be confirmed again by 
comparing the chemical shift (ppm) and coupling constant (Hzt) of the 
putatively identified compounds to standards prepared in our lab. All 
the detected metabolites should be listed in a table along with the 




 Open all the raw spectra of the acquired samples and overlay all the 
spectra in one spectra. From this overlaid spectra, the data would be 













9. Multivariate statistical analysis procedure 
 Prepare the file with correct format and go the metaboanalyst website.  
   
 





 Click Browse to select the designated file and click submit to upload 
the file.  
 
 After successfully uploading the file, the first step is data filtering, 
the usual choice of data filtering would be Interquantile range (IQR). 





 Next is the step involving sample normalization, data transformation 
and data scaling. The choice in this step are essentially based on the 
types of samples being analyzed. After selecting all the necessary 
features, click proceed to continue. 
 





For classification purpose, click PCA or PLS-DA depending on the 
efficiency of the model. After selecting the desired feature, for the important 
features that contribute significantly to separating groups on the model could 
be derived by. 
 
1. Illustrating the model in two dimension 
2. Illustrating the model in three dimension 
3. Finding the optimal components employed in building the 
meaningful model 
4. Examining which feature contributing significantly to building the 
meaning model 
5. Validate the model 
6. Extracting the table containing the important features. 








천연물은 전통적으로나 역사적으로나 다양한 치료 목적을 가지고 사용되었다. 
그러나, 천연물의 사용이 급증하면서 시장은 저급 재료를 섞은 
불순품등으로부터 피해를 입고 있으며, 실제로 경제적인 측면 등으로 인하여 
그런 사례가 늘고 있다. 따라서 천연물의 성분을 기반으로 한 정확한 감별법의 
개발은 필수적이다. 이 연구에서는, multi-platform metabolomics 를 
천연물의 품질관리에 적용하는 방법을 연구하였다. 먼저, UPLC-
QTOFMS 에 기반한 대사체학을 이용하여 인삼으로써 가장 많이 사용되는 
Panax 속 식물종인 Panax ginseng, Panax vietnamensis, Panax 
notoginseng, Panax quinquefolius 를 판별하였다. 더 나아가 1H-
NMR 기반 대사체학을 이용하여 원산지가 다른 Panax ginseng 을 
감별하였다. 원산지 감별법은 또한 원산지 혼입률이 각자 다른 시료의 원산지 
구성 비율을 확인하는데 유용하다는 것을 확인하였고, 그를 판별하는 
통계모델을 구축하였다. 이러한 대사체학에 기반한 종 및 원산지 판별법은 
phylogenetic variation 에 결합될 수 있다는 것을 마지막으로 확인하였다. 
결론적으로, 대사체학을 기반으로 한 한약재의 품질관리법은 적용가능성이 
높아 실제로 사용가능하며, 시장에서의 불순품 혼입 우려를 덜어 실용적으로 
사용가능하다는 것을 밝혔다. 
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